Information-integration category learning was examined in patients with Parkinson's disease (PD) and in healthy control participants in 2 different conditions. In the linear condition, optimal categorization required a nonverbalizable linear integration of information from the 2 stimulus dimensions, whereas in the nonlinear condition, a nonlinear integration of information was required. Each participant completed 600 trials in each condition and was given corrective feedback following each trial. Results indicated that PD patients were not impaired in the linear condition across all trials, whereas the same patients were impaired in the nonlinear condition, but only later in training. The authors conducted model-based analyses to identify participants who used an information-integration approach, and a comparison of the accuracy rates of those individuals further revealed a specific deficit in information-integration category learning in patients with PD. These findings suggest that the striatum may be particularly involved in information-integration category learning when the rule is highly complex.
In recent years, there has been a growing body of research indicating that the striatum is involved in the ability to learn new categories. Most of this past research has been based on studies of patients with striatal dysfunction, such as patients with Parkinson's disease (PD) or Huntington's disease (HD). For example, in the first studies to examine the role of the striatum in category learning, Knowlton and colleagues (Knowlton, Mangels, & Squire, 1996; found that patients with PD or HD are impaired in performing a probabilistic learning task (i.e., the weather prediction task). These studies were some of the first in which researchers suggested a possible role of the striatum in category learning when learning is based on trial-by-trial feedback. Further, because patients with amnesia who have damage to the medial temporal lobes have been shown to perform normally on this task (Knowlton, Squire, & Gluck, 1994) , it has been argued that the deficits displayed by patients with striatal damage were due to impairment in an implicit category learning system.
Although these previous studies have implicated the striatum in category learning, in recent work researchers have suggested the likelihood that there is more than one type of category learning process and that the striatum may play a different role in various forms of category learning. One important distinction that has been shown to affect category learning is whether optimal responding requires the use of a rule-based process or an information-integration process. In rule-based tasks, the rule defining the categories is highly salient and verbalizable and is often based on a single stimulus feature (e.g., the stimulus goes into one category if it is a certain color and another category if it is a different color; Ashby, Alfonso-Reese, Turken, & Waldron, 1998) . In contrast, information-integration tasks use categorization rules that are not highly salient, and accuracy is maximized only if information from two or more stimulus components (or dimensions) is integrated at some predecisional stage (Ashby & Gott, 1988) . Perceptual integration could take many forms-from treating the stimulus as a Gestalt to computing a weighted linear combination of the dimensional values. However, a conjunction rule (e.g., respond A if the stimulus is small on dimension x and on dimension y) is a rule-based rather than an information-integration task because separate decisions are first made about each dimension (e.g., small or large), and then the outcome of these decisions is combined (integration is not predecisional). Information-integration category structures often result because the stimulus features to be combined are in different physical units, making it difficult for participants to verbalize a combination of such features (Ashby et al., 1998; Ashby & Ell, 2001) . Previous studies with healthy individuals have provided strong support for the distinction between these two types of category learning processes Ashby, Maddox, & Bohil, 2002; Maddox, Ashby, & Bohil, 2003; Maddox, Ashby, Ing, & Pickering, 2004; Maddox, Filoteo, Hejl, & Ing, 2004; .
In two recent studies, both rule-based and information-integration category learning were investigated in patients with striatal damage using the perceptual categorization task (Ashby & Gott, 1988) . In one study (Filoteo, Maddox, & Davis, 2001a) , patients with HD were found to be impaired on both rule-based and information-integration category learning tasks, a finding that was not surprising given that the patients in the study displayed general cognitive dysfunction that was likely due to the widespread pathology that can be observed in this disease. In contrast, in a second study, Maddox and Filoteo (2001) found that PD patients with normal levels of cognitive functioning were impaired only on the information-integration category learning task but not on the rule-based task. Further, quantitative modeling of the patients' performances suggested that their deficits in the information-integration category learning task were due to impairments in both learning the category rule and consistently applying the category rule on a trial-by-trial basis. This latter study, therefore, suggested a possible role of the striatum in the learning of informationintegration categorization tasks, and the previous finding (Filoteo, Maddox, & Davis, 2001b ) that patients with amnesia perform normally on this task bolstered the possibility that the striatum (and not those brain regions damaged in amnesia) was the key structure in this form of category learning.
Despite the possibility that PD patients are primarily impaired in information-integration category learning, however, there are some potential concerns with these previous findings. First, in a recent study, Ashby, Noble, Filoteo, Waldron, and Ell (2003) found that, despite being impaired on a rule-based task, PD patients without dementia performed normally on an informationintegration task. These findings, along with those from a previous study (Maddox & Filoteo, 2001) , suggest that PD patients may demonstrate impaired performance on some but not all information-integration category learning tasks. Such discrepancies clearly warrant further inquiry into PD patients' ability to learn various types of information-integration categorization rules. Second, the information-integration rule used in the previous study (Maddox & Filoteo, 2001 ) could possibly have been performed with the use of a rule-based strategy (Ashby, Noble, et al., 2003; Zaki, Nosofsky, Jessup, & Unverzagt, 2003) . Specifically, the stimuli used in the previous study consisted of two lines that varied in length, and although the optimal rule was a nondimensional rule that emphasized information integration, it was still possible that a participant could approximate the optimal rule by simply comparing the length of the two lines and categorizing the stimuli into one category if the two lines were relatively equal in length or categorizing the stimuli into the other category if the lines were discrepant in length. Note that this is a rule-based approach, and if the majority of PD patients had used this approach, then attributing their deficits in this condition to an impairment in informationintegration learning would be misleading. In other words, how can it be argued that PD patients are impaired in information-integration category learning when, in fact, they may not have actually used an information-integration process to learn the task?
Given these issues, in the present study we sought to further investigate category learning in a group of patients with PD, focusing on information-integration category learning tasks. We again used the perceptual categorization task (Ashby & Gott, 1988) , which has been used extensively to study category learning in college-age individuals and patients with various neurologic disorders (e.g., Ashby & Gott, 1988; Ashby & Maddox, 1992; Filoteo et al., 2001a Filoteo et al., , 2001b Maddox & Bohil, 1998; Maddox & Filoteo, 2001) . One important difference between this current study and our previous study was the use of single line stimuli that varied in both orientation and length on a trial-by-trial basis (see Figure 1) . Thus, the relevant dimensions in this current study (length and orientation) were in separate physical units, unlike in our previous study. As stated earlier, category structures that are based on a predecisional combination of such stimulus dimensions are difficult to verbalize and are likely learned using a procedural learning system (Ashby & Ell, 2002; .
In the present study, we examined PD patients' ability to learn categories that were based on either a linear relationship between the stimulus attributes or a nonlinear relationship between stimulus attributes. Figure 2A depicts the relationship between the stimulus attributes in the linear condition, and Figure 2B depicts the relationship between stimulus attributes in the nonlinear condition. For both Figures 2A and 2B , each point represents a single stimulus, with the unfilled circles denoting Category A stimuli and the filled circles denoting Category B stimuli, and the x-axis representing the length of the line and the y-axis representing the orientation of the line. The solid line in Figure 2A represents the experimenterdefined (optimal) linear categorization rule, and the solid quadratic curve in Figure 2B denotes the experimenter-defined nonlinear categorization rule. An ideal observer would use these optimal categorization rules when performing this task. Note that with both the linear and nonlinear rules, optimal responding required the integration of both stimulus dimensions, and therefore, both rules required information-integration category learning and should place an emphasis on the striatum when such an approach is used. However, the linearity of the rule is also believed to have an impact on the degree to which the striatum is involved in category learning. Specifically, in a recent study, Ashby, Waldron, Lee, and Berkman (2001) found that complex, nonlinear categorization rules theoretically require greater striatal involvement in healthy individuals than do linear rules. Thus, if this hypothesis is viable, PD patients in the present study should have had more difficulty learning the nonlinear rule than the linear rule because of their striatal dysfunction.
One important advantage of using the perceptual categorization task is that a number of formal mathematical models have been developed to analyze data obtained in this task (Ashby, 1992; . These models have proven invaluable when attempting to determine the type of processes used by a participant when learning categories, and as will be seen, the application of these models enabled us to determine which approach the PD patients and control participants used when learning information-integration rules.
1 Although we provide more detail about the modeling below, it is important to note at this point that the model-based approach allowed us to determine whether each participant used the optimal information-integration process (the solid line and quadratic curve in Figures 2A  and 2B , respectively), a suboptimal information-integration process, or a qualitatively different process, such as applying a verbalizable, unidimensional, or conjunctive rule-based process. Model-based analyses are very important if we are to better understand the conditions in which the striatum contributes to information-integration category learning. Indeed, it has recently been shown that healthy control participants can learn the weather prediction task using at least three different approaches, and in fact, participants tend to use a single stimulus feature throughout learning (i.e., they may use a rule-based process; Gluck, Shohamy, & Myers, 2002) . Such findings make it difficult to interpret the nature of the deficits observed in past studies that have used the weather prediction task with patients who had striatal damage. That is, it is possible that the PD patients performed poorly in these past studies either because they did not attempt to use a more optimal information-integration process or because they used a different process (possibly a rule-based process) less effectively. It is also possible that control participants in these studies did not use an information-integration process when learning these categories. This suggests that the differences observed between the patients with striatal damage and the control participants may not have been due to an information-integration deficit in the PD patients but to a deficit in learning a rule-based approach. On the basis of the available information, it is simply not known. As stated above, in a previous study (Maddox & Filoteo, 2001 ) quantitative models were used to determine how well participants learned the optimal rule and how consistently they applied whatever rule they had learned. In the present study, we took a different approach by using the models to identify what specific processes participants used when learning the information-integration rules.
Thus, the primary purposes of the present study were the following. First, given that previous studies have found deficits in information-integration category learning in PD patients (Maddox & Filoteo, 2001) , whereas other studies have not (Ashby, Noble, et al., 2003) , in this study we examined the learning of both a linear and nonlinear, information-integration category learning task, with the prediction that PD patients would display greater impairment in the more complex, nonlinear condition. Second, we applied quantitative models to participants' data in order to determine whether PD patients and control participants use different approaches when learning information-integration categorization tasks. Third, we intended to use the results of the modeling to 1 We use the terms process and approach in this article when referring to the method that participants used when learning the categories, but the use of these terms should not imply that the participants necessarily used a conscious process when learning the rules. compare the performances of those PD patients and control participants who actually used an information-integration approach so that more definitive statements can be made about the role of the striatum in the learning of information-integration categories.
Method

Participants
Twenty patients with PD (11 men and 9 women) and 20 healthy control participants (HC; 10 men and 10 women) participated in this study. The patients were diagnosed by a board-certified neurologist on the basis of the presence of two of the following symptoms: (a) resting tremor, (b) rigidity, or (c) bradykinesia. The patients had been diagnosed an average of 10.8 years (SD ϭ 8.1) prior to their participation in this study. At the time of their participation, all patients were taking some form of dopaminergic medication. Using Hoehn and Yahr's rating scale (Hoehn & Yahr, 1967) , we found that the mean motor impairment rating for the group was 1.73 (SD ϭ 0.77). Table 1 shows the mean age, years of education, and scores on the Dementia Rating Scale (DRS; Mattis, 1988) for the PD patients and the HC participants. All PD patients had scores of 132 or greater on the DRS. The two groups did not differ in age, education, or scores on the DRS (all ps Ͼ .05). The groups also did not differ in gender distribution (Fisher's exact test, p ϭ 1.0).
Stimuli and Stimulus Generation
The stimuli consisted of line segments of varying lengths and orientations (see Figure 1 ). Stimuli were white and presented on a black background on a PC. Two categories were defined by specifying two bivariate normal distributions. The stimuli were generated prior to the experiment. Fifty stimuli were sampled randomly from each of the two categories, with the constraint that the sample means, standard deviations, and covariances were similar to the category distribution parameters (see Table 2 ). Six random orderings of the 100 stimuli were generated and made up the six 100-trial blocks used in the study. As noted earlier, the solid line in Figure  2A denotes the experimenter-defined (optimal) linear categorization rule, and the solid quadratic curve in Figure 2B denotes the experimenterdefined (optimal) nonlinear categorization rule. The optimal decision rule maximizes long-run accuracy. The linear and nonlinear conditions were identical in all respects except for the category distribution parameters and thus, the shape of the experimenter-defined categorization rule (linear vs. nonlinear). Specifically, both conditions used the same stimulus dimensions (i.e., length and orientation; see Figure 1 ), number of unique stimuli (100), optimal accuracy rate (95%), and response requirements (select one of the two categories on each trial). The average stimulus line length in the linear condition was 7.5 cm, which subtended a visual angle of about 9.5°f rom a viewing distance of 45 cm; whereas in the nonlinear condition, the average stimulus line length was 7.75 cm, which subtended a visual angle of about 9.8°.
General Procedure
For both the linear and nonlinear conditions, 600 trials were presented and were broken down into six blocks of 100 trials. At the start of the experiment, the participants were told that they were involved in a study that examined their ability to categorize simple stimuli. Participants were told that a series of stimuli would be presented and that they would be asked to categorize each as a member of either Category A or Category B. They were also told that at the beginning of the experiment they might feel as though they were guessing, but as the experiment progressed, their accuracy would likely increase. Participants indicated their categorization responses by pressing one key for Category A stimuli and another key for Category B stimuli. At the start of each trial, a fixation point was displayed for 1 s, and then the stimulus appeared. Following the participant's categorization response, the correct category label was presented on the screen for 1 s along with the word wrong if their response was incorrect or right if their response was correct. Once feedback was given, the next trial was initiated. Each individual participated in both the linear and nonlinear conditions. The order that the conditions were administered was counterbalanced across participants, and the minimum amount of time between the two conditions was 2 days. Preliminary analyses failed to identify any effect of task order. Specifically, we examined whether the pattern of accuracy and model-based results that we describe below varied as a function of what condition was given first and what model best accounted for participants' data in the first condition they were administered. We found no effect of these factors.
Accuracy Results
First 100 Trials
We first analyzed early learning in the PD patients and HC participants by examining accuracy rates (percentage of correct responses) for the first 100 trials in 10-trial blocks. These data are depicted in Figure 3 and were analyzed using a 2 (group: PD vs. HC) ϫ 2 (condition: linear vs. nonlinear) ϫ 10 (Blocks 1-10) mixed-design analysis of variance (ANOVA). Results of this analysis identified a significant effect of block, F(9, 342) ϭ 9.82, p Ͻ .01, with accuracy rates increasing throughout the first 100 trials. There was also a significant Condition ϫ Block interaction, F(9, 342) ϭ 5.62, p Ͻ .01. There were no significant effects of group 2 There was a somewhat unusual finding in Block C of the nonlinear condition, in which accuracy rates of both the PD patients and the HC participants improved rather dramatically but then dropped (see Figure 3 ). An inspection of the stimuli within this block indicated that, by chance, these stimuli were mostly from Category B and came from a rather narrow range of the stimulus distribution. This likely made it easier for participants to correctly categorize these stimuli during this block of trials. Note. cov ϭ covariance; ϭ sample mean; ϭ standard deviation; l ϭ length; o ϭ orientation.
(F ϭ 1.73) or condition (F ϭ 0.00) and no significant Group ϫ Block (F ϭ 0.92), Group ϫ Condition (F ϭ 0.06), or Group ϫ Condition ϫ Block (F ϭ 1.09) interactions.
Overall Learning
Overall learning was examined by contrasting participants' accuracy (percentage of correct responses) across the entire 600 trials in 100-trial blocks with a 2 (group: PD vs. HC) ϫ 2 (condition: linear vs. nonlinear) ϫ 6 (Blocks 1-6) mixed-design ANOVA. These data are depicted in Figure 4 . Results of this analysis identified a main effect of group, F(1, 38) ϭ 6.08, p Ͻ .05, with PD patients performing worse than HC participants overall, and a main effect of block, F(5, 190) ϭ 49.57, p Ͻ .01, with both the PD and HC participants' performances improving across the 600 trials.
There was also a significant Group ϫ Block interaction, F(5, 190) ϭ 3.37, p Ͻ .01. There were no significant main effects of condition (F ϭ 0.13) and no significant Group ϫ Condition (F ϭ 1.89) or Condition ϫ Block (F ϭ 0.97) interactions.
Of importance, the above reported results were qualified by a significant three-way interaction between group, condition, and block, F(5, 190) ϭ 2.35, p Ͻ .05. To identify the source of this three-way interaction, we conducted two separate Group ϫ Block ANOVAs for the linear and nonlinear conditions. Results for the linear condition identified a significant effect of block, F(5, 190) ϭ 25.10, p Ͻ .01, but of importance, we found no main effect of group (F ϭ 2.12) and no significant Group ϫ Block interaction (F ϭ 0.63). In the nonlinear condition, however, there was a significant main effect of group, F(1, 38) ϭ 6.51, p Ͻ .05, a significant main effect of block, F(5, 190) ϭ 22.49, p Ͻ .01, and a significant Group ϫ Block interaction, F(5, 190) ϭ 4.16, p Ͻ .01. Follow-up t tests of the significant Group ϫ Block interaction in the nonlinear condition indicated that PD patients performed below HC participants in Blocks 4, 5, and 6 ( ps Ͻ .05) but not in Blocks 1, 2, or 3. This effect can be seen in Figure 4 . However, one-way within-subject ANOVAs indicated that both the HC participants, F(5, 95) ϭ 22.95, p Ͻ .01, and the PD patients, F(5, 95) ϭ 4.03, p Ͻ .01, demonstrated significant learning curves in the nonlinear condition, despite the late training impairment in the PD patients. Thus, the overall findings indicate that PD patients' performance was relatively normal in the linear condition, whereas their performance demonstrated a deficit later in training in the nonlinear condition.
Model-Based Analyses
Several quantitative models were applied to each of the participants' data sets to determine (a) whether the frequency at which participants used a particular approach to learning the task differed between the PD patients and the HC participants and (b) whether, when participants did use the appropriate approach (i.e., an information-integration approach), the accuracy rates differed between the patients and HC participants. The details of the modeling approach can be found in the supplement on the Web at http://dx.doi.org/10.1037/0894-4105.19.2.212.supp.
In brief, two classes of models were derived from general recognition theory (Ashby & Townsend, 1986) . The first class of models assumed that the participant used an information-integration approach when solving the task, whereas the second class of models assumed that the participant used a rule-based approach. The information-integration models consisted of linear and nonlinear versions of the following models: the optimal informationintegration model, the suboptimal information-integration model, and the minimum distance classifier model. The rule-based models consisted of linear and nonlinear versions of the following models: the unidimensional model and the conjunctive model. The best fitting model was identified for each participant in each of the 100-trial blocks for the linear and nonlinear conditions. The frequency of participants from each group whose data were best fit by the information-integration or rule-based models can be seen in Table 3 . This table also provides the combined totals for all the information-integration and rule-based models that best fit the participants' data sets. To determine if there were any group differences in the proportion of participants' data sets best accounted for by the two classes of models, we applied Fisher's exact tests to the frequency counts of the combined totals for all the information-integration and rule-based models. The only significant differences observed were in Blocks 1 and 4 of the nonlinear condition ( p Ͻ .05 for both tests). For both of these blocks, a greater proportion of HC participants' data sets were best accounted for by an information-integration model (17/20 for the HC participants vs. 10/20 for the PD patients in both Blocks 1 and 4; see Table 3 ). It is interesting that in both of these blocks, the minimum distance classifier model tended to provide a better account of the HC participants' data sets that were best fit by one of the information-integration models (14/17 in Block 1 and 13/17 in Block 2), whereas this was not the case for the PD patients (6/10 for both Blocks 1 and 2). Although these results should be viewed with caution because of the small sample sizes and the lower power of frequency analyses, the results described above indicated that, in general, PD patients and HC participants adopted fairly similar approaches in terms of whether they used an informationintegration or rule-based approach, particularly in the linear condition. In the nonlinear condition, there were some differences in Blocks 1 and 4, but by the last block of 100 trials, PD patients and HC participants looked very similar in terms of what approaches they adopted in learning this rule. Note. Lin opt ϭ linear optimal model; Lin subopt ϭ linear suboptimal model; MDC ϭ minimum distance classifier; I-I ϭ information-integration model; UD ϭ unidimensional model; CJ ϭ conjunction model; R-B ϭ rule based; PD ϭ Parkinson's disease; HC ϭ healthy control; Nonlin opt ϭ nonlinear optimal model; Nonlin subopt ϭ nonlinear suboptimal model.
In addition to examining the frequency of participants' data sets that were best fit by the various models, we also examined the goodness-of-fit and the noise parameter values that were obtained from the model that best fit the individual information-integration users' data from the linear and nonlinear conditions. In doing so, we focused on the last block of 100 trials in the linear and nonlinear conditions because participants' pattern of responding is more stable at this point and the models are more likely to reflect the actual approach a participant used when performing the task. For the goodness-of-fit measure (Ϫln L; negative log likelihood), the smaller the value, the better the model described the data and therefore provided a better accounting of how the participant performed. The noise parameter value determines how consistently the model fits a participant's data on a trial-by-trial basis and thus provided another estimate of how well the model accounted for an individual's responses (Ashby, 1992) . In these analyses, we summed the perceptual and criterial noise values. Table 4 displays the mean and standard errors for these two values for the last 100 trials of the linear and nonlinear conditions. 3 A comparison of these values between the PD and HC participants revealed that the fit value was significantly higher only for the PD patients in the nonlinear condition, t(30) ϭ 2.98, p Ͻ .01, suggesting that the information-integration model that best fit these participants' data provided a better account of the HC participants' data than it did of the PD patients' data.
Note that the primary purpose of modeling participants' data was to determine what approach participants adopted when learning the linear and nonlinear categorization rules so that we could examine whether there were any performance differences in participants who truly used an information-integration approach. To examine these potential performance differences, we next examined accuracy rates separately for the participants whose data were best fit by one of the information-integration models described above. Accuracy rates for participants whose data sets were best fit by an information-integration model in the last block of the linear and nonlinear conditions are presented in Figure 5 . These accuracy rates were then contrasted, and it was found that among participants who used an information-integration approach, PD patients and HC participants did not differ in their accuracy in the linear condition, t(22) ϭ 1.0, p Ͼ .05, whereas PD patients were less accurate than HC participants in the nonlinear condition, t(30) ϭ 3.13, p Ͻ .01. These results indicate that PD patients who adopted an information-integration approach in the nonlinear condition were impaired relative to those HC participants who also adopted an information-integration approach, and they suggest that an impairment in information-integration category learning significantly contributed to PD patients' deficits in the overall accuracy analysis.
In general, the low number of participants whose data were best fit by a rule-based model precluded a reliable comparison of their accuracy rates. However, because these data could have implications for the interpretation of the findings from the informationintegration analyses, we provide some analyses of the rule-based users' accuracy rates in the last 100 trials for both the linear and nonlinear condition. The results of this analysis did not identify any differences between the accuracy of the PD patient rule-based users (67%) and HC participant rule-based users (73%) in the linear condition, t(14) ϭ 1.45, p Ͼ .05. In contrast, in the nonlinear condition, the accuracy of PD patient rule-based users (59%) was significantly lower than that of the HC participant rule-based users (84%), t(6) ϭ 2.49, p Ͻ .05. However, because these analyses were based only on a small sample of participants, particularly in the nonlinear condition (n ϭ 4 in each subgroup), these results should be viewed with caution. Nevertheless, these latter findings suggest that, in addition to deficits in using an information-integration approach, a deficit in using a rule-based approach in a small subsample of PD patients may have also contributed to their overall accuracy deficit in the nonlinear condition. 4 
Discussion
In the current study, we examined category learning in patients with PD using an information-integration categorization task. In the linear condition, the optimal rule that dictated category membership was defined by a linear relationship between the stimulus dimensions, whereas in the nonlinear condition, the optimal rule was defined by a nonlinear relationship between the stimulus dimensions. Accuracy analyses as well as model-based analyses were conducted to identify any possible deficits in the PD patients as well as to determine what approach participants used when learning the categories. In terms of accuracy, the results indicated that PD patients were impaired relative to HC participants only in the nonlinear condition, whereas the patients were not impaired in the linear condition. Results from the model-based analyses indi- cated that both the PD patients and HC participants used primarily an information-integration approach when learning the categories in both conditions, and for the most part, the proportion of information-integration users did not differ between the two groups. Further analyses of the subgroups derived from the model-based analyses indicated that, in the last block of trials, PD patients who used an information-integration approach were in fact less accurate than were HC participants who used this same approach. In general, the results of this study indicate that the striatum (the brain region damaged in PD patients) is involved in learning information-integration category rules. However, there are some important caveats to this assertion. Specifically, PD patients were not impaired in learning the linear rule, whereas they were impaired in learning the nonlinear rule. This dissociation does not appear to be due simply to task difficulty, in that for the HC participants, overall accuracy performance in the last 100 trials in the nonlinear condition was actually greater than in the last 100 trials in the linear condition (79% for the nonlinear condition vs. 71% for the linear condition), t(19) ϭ 2.41, p Ͻ .05.
5 Thus, PD patients' greater difficulty in learning the nonlinear categorization rule compared with the linear rule was not due to the nonlinear task being more difficult in general. This observation is important because it argues against the possibility that a generalized deficit could account for our findings.
The main question that remains is what might account for the specific deficit in learning the nonlinear rule? One possibility is that, although both the linear and the nonlinear categorization rule in the present study placed an emphasis on the striatum, the nonlinear rule did so to a greater extent. Evidence for this possibility comes from a recent study by . In that study, a group of younger, healthy participants was given a complex information-integration category learning task and a simpler information-integration category learning task. These investigators applied models that were similar to the ones in the present study and found that the minimum distance classifier (referred to as the striatal pattern classifier in the study by tended to fit participants' data better than an optimal or a suboptimal model when the rule was more complex, whereas optimal or suboptimal models tended to fit participants' data when the rule was more simple. The minimum distance classifier, or striatal pattern classifier, is a biologically plausible model of category learning that takes into account the architecture of the striatum. 6 Specifically, it has been proposed that the mapping of visual stimuli onto a specific category is carried out via the many-to-one convergence of visual information (from the inferior temporal cortex) onto individual "units" within the striatum (Wilson, 1995) . Each striatal unit gradually becomes associated with a category label through the learning process. One relevant aspect of the striatal pattern classifier model is that the learning of more complex rules requires a greater number of striatal units. Thus, in the 5 This analysis was also conducted with HC participants who used information-integration later in training in both the linear and nonlinear conditions. Again, it appeared that the nonlinear condition was actually easier for HC participants to learn than the linear condition (77% vs. 65%), although these differences were not significant because of the small sample used to make these comparisons. 6 It is important to point out that the model proposed by Ashby and colleagues (1998) specifically states that the striatal units responsible for information-integration category learning are located in the tail of the caudate. Most pathophysiological studies of PD have indicated that the head of the caudate experiences a significant loss of dopamine in this disease, but no researchers to our knowledge have examined dopamine levels in the tail of the caudate in these patients. So, although we are arguing that striatal dysfunction in the PD patients in the present study has caused their deficit in the nonlinear information-integration task, it is still an open question as to whether this deficit is due to dysfunction in the tail of the caudate. case of the present study, the representation of the nonlinear rule would theoretically require a greater number of striatal units than the representation of the linear rule, and therefore, the learning of a nonlinear rule would more likely be impaired in PD patients than would a linear rule. Normal performance in the linear condition might be explained by the fact that our PD patients were relatively in the early stages of the disease and were not experiencing a great degree of functional impairment, suggesting the possibility that the striatum, although dysfunctional, was intact enough to learn the linear rule. This assertion might then suggest that PD patients who are later in the stages of the disease with presumably greater striatal dysfunction would be impaired in learning the linear rule.
Support for the possibility that the rule complexity interacted with the integrity of the striatum in our PD patients comes from the modeling results of the HC participants from the present study. Specifically, for the HC participants there was a difference in the linear and nonlinear conditions in the number of data sets that were fit by either an optimal or suboptimal model versus a minimum distance classifier (or striatal pattern classifier) model. In the last block of 100 trials in the linear condition, of those data sets best fit by an information-integration model, only 46% (6/13) were best fit by a minimum distance classifier model, whereas 54% were best fit by either an optimal or a suboptimal model. In contrast, in the last block of 100 trials in the nonlinear condition, 88% (14/16) of the HC participants' data sets best fit by an information-integration model were best fit by a minimum distance classifier model, and only 12% were fit by an optimal or suboptimal model. Thus, the rule that required a greater number of striatal units to represent it (i.e., the nonlinear rule) was best accounted for by a model with explicit assumptions regarding the striatum. These findings are very similar to those of , who indicated that the more complex the rule, the more likely that the minimum distance classifier model would account for participants' responses. Overall, these results indicate that a model that incorporates certain architectural features of the striatum can best account for the learning of more complex categorization rules, supporting the possibility that the nonlinear categorization rule in the present study required greater striatal involvement.
Our finding that PD patients are impaired in learning complex information-integration rules is consistent with that from a previous study of category learning in patients with PD (Maddox & Filoteo, 2001) . Specifically, in that study PD patients were found to be impaired in learning a nonlinear categorization rule when the stimuli consisted of horizontal and vertical lines that varied in length from trial to trial. One potential problem with that earlier study, however, was that participants could possibly use a rulebased strategy when learning the categories, suggesting that the deficit observed previously may not have been due to an impairment in information-integration category learning. Although it is still possible that the PD patients in the previous study used a rule-based approach to learn the categories (and were thus impaired in this process), the results of the present study suggest that PD patients are impaired in category learning when actually using an information-integration approach. This finding suggests that the deficit observed in PD patients in both studies could be due, in larger part, to a deficit in information-integration category learning.
It is also important to point out, however, that in the present study there was a fairly large accuracy difference in the last block of the nonlinear condition between the small number of PD patients (n ϭ 4) and HC participants (n ϭ 4) who used a rule-based approach, suggesting that a rule-based deficit might also contribute to the category learning deficit observed in PD patients. Indeed, when one examines the rule-based models that best accounted for the performances of the PD patients and HC participants (see Table 3 ), it appears that there was a slight tendency for the more complex conjunctive rule-based models (as opposed to the unidimensional models) to account for the HC participants' data more so than for the PD patients' data. Such a finding is consistent with the notion that PD patients also have a deficit in working memory (e.g., Lewis et al., 2003; Postle, Jonides, Smith, Corkin, & Growdon, 1997) , a process that appears to be involved in the application of conjunctive rules (Maddox et al., 2003 . Thus, it is likely that under certain circumstances, rule-based learning would also be impaired in patients with PD (see also Ashby et al., 1998) . Nevertheless, the results of the present study make it clear that when PD patients use an information-integration approach when learning a complex, nonlinear rule, they will learn less well than HC participants who use the same approach.
In contrast, our present findings are not entirely consistent with those of Ashby, Noble, et al. (2003) . In that study, participants were asked to categorize single cards that consisted of colored geometric figures on a colored background. Each stimulus varied along four binary-valued dimensions. In the rule-based condition, learning required the identification of a single stimulus dimension, whereas in the information-integration condition, learning required the predecisional integration of three dimensions. The results of their study indicated that the PD patients were impaired in learning the rule-based task but performed normally in learning the information-integration task. This latter finding is at odds with our finding in the nonlinear condition. However, one possible explanation for the lack of a deficit in the information-integration condition of the Ashby, Noble, et al. (2003) study was that their task was not complex enough to elicit an impairment in their patients. Indeed, this possibility was acknowledged by Ashby, Noble, et al. (2003, p. 120) and is also supported by the performance of the HC participants in their study and the present study. Specifically, in their information-integration task, it took HC participants approximately 80 trials on average to reach a learning criterion (10/10 correct categorization responses), whereas by the 80th trial in the present study, HC participants were accurate in about only 6/10 (60%) trials in both the linear and nonlinear conditions.
Taken together, the present results suggest that the striatum is involved in learning complex categorization rules that emphasize information-integration processes. Further, evidence from other studies suggests that the striatum may be specifically involved in learning complex information-integration rules under trial-by-trial feedback conditions. For example, PD patients have been shown to perform normally on the dot pattern classification task (Reber & Squire, 1999) . This task requires participants to simply observe patterns of dots during training that were derived from a prototypical pattern and then later determine if new stimuli were from that same category viewed during training. Participants are never given feedback during this task, and the finding that PD patients are not impaired in this task suggests that the striatum is not involved in learning categories under these conditions. These past studies, in conjunction with our current study, suggest again that the learning of information-integration rules under feedback conditions is likely mediated within the striatum. Furthermore, previous investigators (Ashby et al., 1998; Ashby & Waldron, 1999) have argued that this type of learning is likely under the control of a dopaminemediated reward signal (Schultz, Tremblay, & Hollerman, 2003; Wickens, 1993; Wise, Murray, & Gerfen, 1996) . Given that PD results in a dramatic decrease in dopamine levels (Cornford et al., 1995; Kish, Shannak, & Hornykiewicz, 1988) , one possible explanation of their deficit in learning complex, information-integration categorization tasks is that decreased levels of dopamine within the striatum are not enabling this reward-mediated learning system to operate properly. The exact role of dopamine in category learning remains to be seen but will be an important topic of future research.
Finally, it is important to point out that the model-based analyses in this study allowed us to more completely examine the nature of the category-learning deficit in patients with PD. Without such information, it would have been difficult to determine whether the deficit demonstrated by our PD patients was actually due to an impairment in using an information-integration process. Previous studies that have identified deficits in PD patients using other category-learning tasks (e.g., the weather prediction task; Knowlton, Mangels, & Squire, 1996) are somewhat suspect given that (a) it was not known exactly what process patients used when performing the task, and (b) a recent study has demonstrated that HC participants did not appear to be using an implicit process during the period in which patients were most impaired (Gluck et al., 2002) . These latter issues further highlight the need to examine how patients approach a categorization task when learning, and this current study indicates that a quantitative model-based approach can help in determining the processes patients may use during category learning.
Summary
In summary, the present results indicate that PD patients without dementia were impaired in learning a nonlinear information-integration categorization rule, but they were not impaired in learning a linear information-integration rule. These results suggest that the impact that striatal damage can have in information-integration category learning can be rather complex, and although the striatum likely contributes to both complex and simple information-integration category learning, early damage to the striatum in PD patients most likely has an impact on the learning of complex, information-integration rules.
